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Abstract
The Estimation of the SOC for batteries is an important indicator of the battery management sys-
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tem to measure the life of the batteries. Accurate SOC estimates are significant in preventing over
charge and discharge, improving battery utilization, and ensuring the safety and stability of electric
vehicle battery systems. The estimation of the SOC mainly has Ah integral method, Kalman filtering
method, open circuit voltage method, neural network, etc. The Ah integral method needs to regular-
ly modify the charged state, the error is large; the Karman filtering method is based on the minimum
error principle, higher dependence; the open circuit voltage method must stand for a long time, and
the actual work The current value is large, the measurement error is large; the neural network has
powerful nonlinear mapping capabilities, no special accurate mathematical model, is very important
in the actual SOC estimation. This paper mainly provides an overview of the BP neural network and
its derivatives, and practice of the BP neural network and other algorithms is the most promising,
not only reduces the error, and improves accuracy, but also highlights its powerful nonlinear fitting

capacity.
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Figure 1. Method of SOC estimation
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Figure 2. Schematic diagram of BP neural network
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Figure 3. Flow chart of BP neural network
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Figure 4. Flow chart of BAS-BP neural network algorithm
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Figure 5. Flow chart of UGOA-BP neural network algorithm
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Figure 6. Flow chart of GA-BP neural network
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